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During summer 2018, South Korea experienced 
the strongest and longest heat wave since 1973 
(the beginning of the observations from 45 sta-

tions). The July–August (JA) mean daily maximum 
temperature (Tmax) was on average 2.6°C warmer 
than 1987–2010 climatology over South Korea, set-
ting its second highest record after 1994 (Figs. 1a,c). 
A simple analysis based on a long-term CRU TS data 
suggests that the return time of 2018 Tmax is about 
26 years, much shorter than about 386 years in 1912 
(Fig. ES1), although a large uncertainty related to 
data homogeneity and urbanization effect should 
be noted (Park et al. 2017). Unusually hot weather 
led to record-breaking temperatures over many 
stations with temperature > 40°C at some stations 
for the first time. More importantly, the 2018 heat 
wave had the longest duration on record with 31.5 
hot days (total number of days with daily maximum 
temperature > 33°C) surpassing the previous record 
of 29.7 days in 1994, and exerted considerable impacts 
on society and the economy (reported in the Korea 

Herald1,2), including 48 heat-related deaths (KCDC 
2018). The heat wave also induced crop destruction 
in North Korea.3 When using a heat wave duration 
index (HWDx) defined as maximum consecutive hot 
days during summer, the 2018 record is extremely 
high at 18.1 days (Figs. 1b,d). There is a strong cor-
relation between JA mean Tmax and HWDx (r = 0.74; 
Figs. 1c,d), indicating a close relation between mean 
warming and heat wave duration. This long-lasting 
heat wave is characterized by a persistent anomalous 
high pressure system in the upper troposphere over 
Korea (Fig. 1f), which seems to be partly induced by 
the strong tropical convection over northwestern 
India and the South China Sea (Fig. 1e), through the 
well-known teleconnection mechanism (Fig. 1g; Lee 
and Lee 2016; Kim et al. 2019; Yeo et al. 2019).

This study aims at quantifying human contribu-
tion to the 2018 summer longest duration of heat 
wave in South Korea. The long duration of heat wave 
is known to be critically important for health (e.g., 
Anderson and Bell 2011; D’Ippoliti et al. 2010). To 
address this question for small spatial scale, we uti-
lize high-resolution large-ensemble regional climate 
model (RCM) (weather@home East Asia; 50 km) and 
global climate model (GCM) (HadGEM3-A-N216; 
60 km at midlatitudes) simulations, each performed 
with and without anthropogenic forcings (Table 
ES1). Comparing two models will help assess the 
confidence of the resulting attribution statement even 
though both models are from the Hadley model fam-
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1 http://www.koreaherald.com/view.
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ily. Using the risk ratio, we compare the probabilities 
of occurrence of the extremely long duration of heat 
wave between the real and counterfactual (without 
human influences) worlds. Further, the influences of 
tropical convections on the longer-lasting heat wave is 
examined. In this regard, RCM and GCM are found 
to reasonably capture the observed teleconnection 
pattern (cf. Figs. 1h and 1i with Fig. 1g, pattern cor-
relation > 0.6).

DATA AND METHODS.  Daily maximum 
temperatures (Tmax) from 45 South Korean weather 

stations are used as observations for 1973–2018. To 
match the spatial scale between point observations 
and gridded model outputs, we interpolate daily 
station observations onto the HadGEM3-A-N216 
grid boxes of 0.86° (longitude) × 0.56° (latitude) 
by taking simple averages of station values within 
each grid box, assuming a high spatial correlation in 
daily temperature extremes (Donat et al. 2013). The 
observed HWDx is calculated using the gridded Tmax 
data to obtain South Korean area averaged HWDx. To 
consider model biases in climatology and variability 
in Tmax, we apply a different Tmax threshold for each 

Fig. 1. Distribution of (a) 2018 JA mean daily maximum temperature (Tmax) anomalies and (b) 2018 JA maximum 
heat wave duration (HWDx), defined as the maximum consecutive hot days (Tmax ≥ 33°C) over South Korea. Also 
shown are observed time series of South Korean mean (c) Tmax anomalies and (d) HWDx over 1973–2018, and 
simulated ranges of 2018 Tmax anomalies and HWDx from w@h and HadGEM3-A-N216 experiments (box-and-
whisker plots); and anomaly distribution of (e) 2018 JA mean OLR (NOAA interpolated data) and (f) 200-hPa 
geopotential height (NCEP1 reanalysis). Two boxes in (e) indicate the two convection zones of the northwestern 
India (70°–80°E, 20°–35°N) and South China Sea (110°–130°E, 10°–25°N), selected based on previous studies 
(Kim et al. 2019; Lee and Lee 2016). Finally, anomaly composites are shown of 200-hPa geopotential height for 
strong convection years during 1987–2010 (OLR stronger than 0.5 standard deviation) over both convection 
zones from (g) observations (NCEP1 reanalysis), (h) w@h, and (i) HadGEM3-A-N216 simulations. All anomalies 
are with respect to 1987–2010 mean.
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model (33.21°C for weather@home and 30.51°C for 
HadGEM3-A-N216), which corresponds to the same 
quantile as in the observed threshold (33°C). Using 
this method, models are found to have similar HWDx 
means as the observed around 4 days. The analysis 
domain for South Korea is 34°–38°N and 125°–130°E 
(land only).

Large-ensemble RCM data from weather@home 
(abbreviated herein as w@h) East Asia are used in 
which the HadRM3P RCM is simulated at a 50-km 
resolution over the East Asia region (domain extent 
shown in Fig. 1h) driven by the HadAM3P atmo-
spheric GCM (Massey et al. 2015; Guillod et al. 2017). 
The real world simulations (ALL; 2,300 members) for 
2018 were carried out by prescribing the observed 
sea surface temperature (SST) and sea ice coverage 
and also by implementing the observed greenhouse 
gas and aerosol forcings. The counterfactual world 
simulations (NAT; 3,700 members) for 2018 were 
performed by using adjusted observed SST and sea ice 
conditions with anthropogenic changes removed and 
setting other external forcings as preindustrial levels 
(see Table ES1 in the online supplemental material; 
Schaller et al. 2016). HadGEM3-A provides large-
ensemble (525 members for ALL and NAT each) GCM 
data, which have a high resolution of 0.83° × 0.56° 
(referred to as HadGEM3-A-N216; Ciavarella et al. 
2018). The boundary conditions and external forc-
ings for ALL and NAT simulations are very similar 
to the w@h experiment (Table ES1). One difference 
is that HadGEM3-A-N216 uses single estimate of the 
anthropogenic SST changes (delta-SST) while w@h 
uses 13 different estimates (Table ES2), and its influ-
ence on the attribution results is examined. We also 
use baseline simulations from RCM and GCM for 
1987–2010 (data period of w@h runs), which provides 
a reference climatology for both ALL and NAT runs 
(Sparrow et al. 2018). Observed anomalies are also 
based on the 1987–2010 means. When evaluating 
models using the baseline runs, RCM can capture 
the observed interannual variabilities for both Tmax 
and HWDx but GCM tends to underestimate the 
Tmax variability. The latter seems to be associated with 
the lower probability of occurrence of heat waves in 
the GCM, and consequently our results should be 
interpreted with caution (see below).

The risk ratio (RR) is analyzed between ALL and 
NAT simulations to assess the human impact on the 
probability of occurrence of extreme events, which is 
calculated as the ratio of the probability of exceeding 
observed events in ALL (PALL) and NAT simulations 
(PNAT), i.e., RR = PALL/PNAT (e.g., Easterling et al. 2016). 
RR is also calculated using 1994 observations to assess 

robustness. We use the “likelihood ratio method” 
(Paciorek et al. 2018) to estimate the 5%–95% confi-
dence intervals of RR, which can provide a confidence 
interval (at least a lower bound) even when the esti-
mate of the RR is infinity.

RESULTS. Figure 2 shows the return period distri-
butions of the JA mean Tmax anomalies and HWDx for 
ALL and NAT simulations from w@h and HadGEM3-
A-N216. Return periods are significantly shortened 
for Tmax anomalies with human influences for both 
models (Figs. 2a,b). The probability of Tmax anomalies 
higher than the observed 2018 value is 19.8% in ALL 
(PALL) and it is reduced to 4.2% in NAT simulations 
(PNAT) for w@h (Fig. ES2a). This makes RR as large 
as 4.7 (5%–95% range of 4.1–5.5), indicating that an-
thropogenic influences increase the risk of extremely 
warm summer by 4 to 5 times, well consistent with 
previous studies based on different models (Min et 
al. 2014; Kim et al. 2018). The large PALL indicates a 
possible influence of the observed 2018 SST condi-
tion in w@h model, which may occur in this type of 
single-year atmosphere-only experiment (Risser et al. 
2017). A simple comparison with the 2017 experiment 
results suggests that the observed 2018 SST condition 
may contribute to a larger warming over northern 
East Asia including the Korea peninsula through 
intensified tropical convections (Fig. ES3). However, 
RR is unlikely to be affected much [RR = 5.15 (3.9–6.9) 
based on 2017 runs] because of similar SST impact on 
NAT results (Fig. ES3). HadGEM3-A-N216 has longer 
return periods due to lower values of PALL and PNAT 
for Tmax as 3.6% and 0.19%, respectively (Fig. ES2b). 
This gives a larger RR of 19.0 (4.9–184), which might 
be in part due to the smaller sample size (cf. Sparrow 
et al. 2018). When using a stronger threshold (1994 
Tmax anomalies), results remain similar with RR = 6.5 
(5.1–8.4) for w@h and PNAT = 0% for HadGEM3-A-
N216 (Table ES1).

HWDx results display shortened return periods 
of the long-lasting heat waves under anthropogenic 
influences (Figs. 2c,d). The return periods are gener-
ally longer than Tmax for both models. PALL and PNAT 
are very low as 1.0% and 0.11% from w@h, respectively 
(Fig. ES2c). The corresponding RR is 9.7 (4.3–26.1), 
indicating that the risk of 2018-like extremely long-
lasting heat wave has increased by about 10 times due 
to human impacts. In HadGEM3-A-N216, extreme 
heat wave events longer than the observed 2018 
values are extremely rare even with human-induced 
warming (PALL = 0.76%) and no events are present 
without human influences (PNAT = 0%; Fig. ES2d). 
Although the probability might be this low due to 
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the small sample size and the smaller variability of 
HadGEM3-A-N216 as mentioned above, the consis-
tent shift of the probability distribution indicates the 
increased risk of extreme events due to anthropogenic 
warming. When using the 1994 observed value (13.8 
days, second highest record) as another observed 
threshold, results support this conclusion, providing 
a large RR of 5.8 (2.6–15.6) with PALL = 4.4% and PNAT 
= 0.8% (Table ES1). For w@h, the RR remains large 
as 4.1 (3.9–5.5).

To examine the influence of boundary SST condi-
tions estimated for NAT (see above), we have divided 

the w@h ensembles into 13 groups based on the delta-
SSTs provided by GCMs (see Table ES2) and repeated 
our RR analysis. Results show a large spread in RRs 
across the delta-SST estimates (Fig. ES4), which is 
found to be significantly related to the different aero-
sol sensitivity of GCMs that provide the delta-SSTs, 
reaffirming previous studies (Kim et al. 2018; Min 
et al. 2019). In spite of the large spread, RRs remain 
larger than unity in all cases, which supports that the 
probability of occurrence of 2018-like summer heat 
wave intensity and maximum duration has increased 
due to the human activities.

Fig. 2. Return periods of (a),(b) the JA mean Tmax anomalies and (c),(d) HWDx for ALL (green) and NAT (blue) 
simulations from w@h and HadGEM3-A-N216 (HG3). Kernel density distributions in Fig. ES2 are used to esti-
mate return periods. The purple and red horizontal lines indicate the observed 2018 and 1994 values, respec-
tively. Minor ticks on the x axis indicate 2, 5, 20, 50, 200, 500, etc. Results from subsampled ensemble members 
are displayed with stronger (OLR below the 30th percentile; ALLsc and NATsc) and weaker convection (OLR 
above the 70th percentile; ALLwc and NATwc) over two convection zones (see Fig. 1e). For HadGEM3-A-N216, 
precipitation is used instead of OLR. Refer to Table ES1 for corresponding RR values.
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To explore the extent to which the stronger tropi-
cal convection has contributed to the 2018 extreme 
heat wave, we have compared the Tmax and HWDx 
distributions constructed from samples with stronger 
tropical convection with those with weaker tropical 
convection. The samples with stronger (weaker) 
convection were selected when OLR anomalies over 
two convection zones (black boxes in Fig. 1e) are 
below the 30th percentile (above the 70th percentile). 
For HadGEM3-A-N216, precipitation was used to 
construct the distributions because OLR data are 
not available. Results show that when the tropical 
convection is stronger, the return times of extreme 
events decrease for both Tmax and HWDx, and vice 
versa (Fig. 2). Accordingly, PALL increases from 19.8% 
to 25.9% and PNAT increases from 4.2% to 7.8% for Tmax 
from w@h. For HWDx, PALL increases from 1.0% to 
1.7% from w@h and 0.76% to 2.1% from HadGEM3-
A-N216 (Fig. ES2). However, the resulting RRs remain 
overall similar, larger than 3 (Table ES1), indicat-
ing consistent human influences on the increased 
intensity and the extended duration of heat wave, 
irrespective of the influence of tropical convection. 
Nevertheless, disproportionate responses in RRs to 
convection strengths between ALL and NAT imply 
that the SST warming pattern prescribed can be im-
portant (Risser et al. 2017).

CONCLUDING REMARKS. High-resolution 
large-ensemble simulations from an atmospheric 
RCM (w@h) and an atmospheric GCM (HadGEM3-
A-N216) consistently show increases in the likelihood 
of a 2018-like extreme heat wave intensity and maxi-
mum duration by at least 4 times, when including 
anthropogenic forcing (mainly due to greenhouse 
gas increases). Further, comparisons of sub-sampled 
model simulations suggest that strong tropical con-
vection activity over two regions (northwestern India 
and South China Sea) seems to have contributed to 
the increased probability of the heat wave intensity 
and duration by up to a factor of 2. However, human 
influences on heat waves, as quantified by RR values, 
remain overall unaffected by the strength of tropical 
convection, suggesting that the local thermodynamic 
factor would be more important than the non-local 
factors including large-scale teleconnection changes.
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